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Abstract. Evaluating the quality of the user experience (UX) of existing products is important for new product development. 
Conventional UX evaluation methods, such as questionnaire, have the disadvantages of the great subjective influence of inves-
tigators and limited number of participants. Meanwhile, online product reviews on e-commerce platforms express user evalua-
tions of product UX. Because the reviews objectively reflect the user opinions and contain a large amount of data, they have 
potential as an information source for UX evaluation. In this context, this study explores how to evaluate product UX through 
using online product reviews. A pilot study is conducted to define the key elements of a review. Then, a systematic method of 
product UX evaluation based on reviews is proposed. The method includes three parts: extraction of key elements, integration 
of key elements, and quantitative evaluation based on rough number. The effectiveness of the proposed method is demonstrated 
by a case study using reviews of a wireless vacuum cleaner. Based on the proposed method, designers can objectively evaluate 
the UX quality of existing products and obtain detailed suggestions for product improvement. 
Keywords: User experience (UX) evaluation, Online product reviews, Opinion mining, UX aspect, Product design 
1. Introduction 
As human society gradually entered the era of ex-
perience economy, product users are no longer 
merely satisfied with functional use of products but 
pursue a good experience when interacting with prod-
ucts [1]. This shift prompts manufacturing companies 
to pay attention to improving the user experience 
(UX) of products to fulfil the needs of users. UX is a 
concept that includes all aspects of how individuals 
interact with a product [2]. Evidence shows that 
providing a positive UX can increase user satisfaction 
and brand loyalty, thus promoting the commercial 
success of the company [3]. In this context, the UX 
quality of products has become one of the critical fac-
tors for companies to achieve competitive edge in the 
market [4].  
Evaluation of product UX can assist the develop-
ing team in solving UX design problems, thereby im-
proving the UX quality of the product [5]. For prod-
ucts under development, designers can identify and 
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address product defects based on UX design evalua-
tion results to improve the UX quality of the products. 
For products already on the market, designers can 
identify the defects in current products based on UX 
evaluation results and improve the UX quality of new 
products. Previous studies have proposed many UX 
evaluation methods to measure UX, mainly including 
questionnaire, interview, and expert review [6]. Alt-
hough these methods are feasible, their defects are 
obvious. First, most of these methods require a large 
amount of intervention by the surveyors in the evalu-
ation process. Surveyors are responsible for setting 
the experimental environment, recruiting participants, 
formulating interactive tasks, formulating question-
naire items, and designing interview questions. In this 
way, user feedback is inevitably affected by survey-
ors’ subjective views, thus affecting the objectivity of 
UX evaluation results. Second, most of these meth-
ods can only recruit a small number of users or ex-
perts to evaluate UX, and this low number of partici-
 
 
pants may lead to inaccurate evaluation results. In re-
sponse to these issues, a novel UX evaluation ap-
proach is needed.  
Online product reviews on e-commerce platforms 
can be a source of user feedback about the UX of the 
products already on the market. On e-commerce plat-
forms such as Amazon.com and Taobao.com, cus-
tomers are encouraged to share their opinions on 
products by writing reviews. The reviews discuss 
product functions, product components, and user’s 
opinions, which reflect the UX of the product [7]. In 
addition, the reviews are written freely by consumers 
without any purposeful guidance [8]. As a result, the 
reviews can be considered as a relatively realistic and 
objective reflection of users' opinions. Meanwhile, 
the development of e-commerce has attracted a large 
number of consumers, which makes a massive 
amount of online product reviews available and can 
be used as a source of information representing the 
opinions of a big volume of users. Therefore, the use 
of large-scale online product reviews for product UX 
evaluation has the potential to address the problems 
embedded in the current UX evaluation methods. 
While many studies focus on the analysis of online 
product reviews, few studies analyze reviews from 
the perspective of UX evaluation. 
To fill this research gap, this study explores a UX 
evaluation method based on online product reviews 
for products already on the market. The rest of this 
paper is organized as follows. In Section 2, related 
studies are briefly reviewed. Section 3 defines the key 
elements of reviews through a pilot study, which lays 
the foundation for the construction of the evaluation 
method. Section 4 proposes a systematic UX evalua-
tion method based on online product reviews. In Sec-
tion 5, the proposed method is demonstrated by a case 
study using vacuum cleaner reviews. Discussion is 
stated in Section 6. Conclusion is stated in Section 7. 
2. Theoretical background 
2.1. Construction of UX evaluation method 
Many methods have been introduced to evaluate 
UX. In early UX research, the concept of UX was of-
ten mixed with the concept of usability [9]. Therefore, 
usability measurement methods were also regarded as 
UX evaluation methods, such as usability reviews 
[10] and cognitive walkthrough [11]. These evalua-
tion methods cannot provide a broad perspective of 
the UX and can only be performed by experts rather 
than users. With the development of the concept of 
UX, UX evaluation methods with a broader perspec-
tive were proposed. The most frequently used method 
is the standardized questionnaire, in which end-users 
describe their perception regarding UX aspects. 
“Standardized” means that these questionnaires are 
not a more or less random or subjective collection of 
questions, but result from a careful construction pro-
cess [12]. The most recognized standardized ques-
tionnaires include AttrakDiff [13], UEQ [14], and 
meCUE [15]. These standardized questionnaires pro-
vide a broader view of UX. Moreover, the question-
naire enables users to participate in the evaluation 
process and obtain quantitative evaluation results. 
Another kind of questionnaire, the satisfaction scale, 
is also widely used in product UX analysis [16]. 
However, questionnaires can only collect subjective 
data of users. Some researchers introduced psycho-
physiological and psychometric methods, such as 
electroencephalography (EEG) [17], electrodermal 
activity (EDA) and electromyography (EMG) [18] 
into UX evaluation, thereby providing relatively ob-
jective UX evaluation results. However, since psy-
chophysiology and psychometrics methods can only 
focus on individual sensory experiences, they can 
only evaluate the UX in a limited dimension, rather 
than the overall UX. In addition to the above methods, 
methods such as UX curve [19], user interview and 
indirect observation [20] are also used to evaluate UX 
in some studies.  
2.2. Definition of UX aspects 
For feasibility of the UX evaluation, UX should be 
divided into multiple dimensions or aspects. At the 
conceptual level, the UX aspects can be defined in 
two ways. The first defines UX aspects as compo-
nents of the user’s subjective response to the product. 
For example, Hassenzahl et al. [21] argued that the 
UX of interactive products has two aspects: practical 
quality and hedonic quality. The second defines UX 
aspects as factors that affect the overall UX. The pur-
pose of this research is to evaluate the UX quality of 
a product, which is an influencing factor of UX rather 
than a component of a user’s subjective response. 
Therefore, we define UX aspects according to the 
second definition. 
In pioneering UX studies, academic researchers 
proposed various UX models that define multiple UX 
aspects [22, 3]. In the following research on UX eval-
uation, these models and aspects were adjusted and 
improved according to diverse research purposes and 
application scenarios. Laugwitz et al. [14] identified 
 
 
26 items that were closely related to UX, and grouped 
them into six aspects, including attractiveness, per-
spicuity, efficiency, dependability, stimulation, and 
novelty. A UX questionnaire based on these items 
was eventually constructed. Park et al. [23] defined 
the UX aspects as usability, affect, and user value. 
Tuch et al. [24] argued that need fulfilment, technol-
ogies involved in the experience, and effect were im-
portant UX aspects and analyzed the user-generated 
narratives to identify the influence of these aspects on 
positive and negative experiences. Through a litera-
ture review, Winckler et al. [25] identified a set of UX 
aspects that were central for interactive systems, in-
cluding visual and aesthetic experience, emotion, 
stimulation, identification, meaning and value, and 
social relatedness. In addition, context of use [26], 
brand [27], cultural background [28] and other factors 
are also defined as UX aspects by some research, but 
these aspects are not related to the product.  
In existing UX questionnaires, aspects are defined 
based on the opinions of a small number of experts or 
users, and are applied to UX evaluation of all prod-
ucts. However, different UX aspects are of different 
importance to different products, and thus it is unrea-
sonable to use a unified set of UX aspects to evaluate 
different products. Hence, we attempt to extract UX 
aspects directly from the reviews based on the exist-
ing definition of aspects, which is more in line with 
the characteristics of the product and the views of us-
ers. 
2.3. Mining online product reviews 
With the increasing importance of online product 
reviews, the amount and diversity of research in this 
area has increased dramatically. The purposes of 
these works are to analyze user characteristics [29], 
provide product purchase suggestions [30], and im-
prove product design [31], etc.  
Among the above research, the research with the 
purpose of improving product design is relatively 
abundant and has a great correlation with our research. 
Most such studies focus on summarizing user opin-
ions or identifying customer needs based on attribute 
identification and sentiment analysis to provide valu-
able information for designers. Qi et al. [31] per-
formed attribute identification and sentiment analysis, 
and utilized the KANO model to analyze the data to 
develop appropriate product improvement strategies. 
Li et al. [32] proposed a sentiment analysis approach 
based on Kansei Engineering and machine learning 
to extract and measure users’ affective responses to 
products from online reviews. Jin et al. [33] extracted 
aspects of product features and detailed reasons of 
consumer dissatisfaction to inform designers regard-
ing what leads to unsatisfied opinions. The research-
ers conducted identification of product features and 
the sentiment analysis with the help of pros and cons 
reviews. Then the approach of conditional random 
fields was employed to detect aspects of product fea-
tures and detailed reasons. Jin et al. [34] proposed a 
framework to identify comparative customer require-
ments from product online reviews for competitor 
analysis. Li et al. [35] proposed a model for identify-
ing critical customer requirements based on online re-
views and KANO model. Yang et al. [36] proposed a 
methodology of establishing a UX knowledge base 
from online customer reviews to support UX-cen-
tered design activities. Their work provided an ap-
proach to automatically discover valuable UX infor-
mation from online reviews.  
Although much research on online product reviews 
has aimed at design improvement, only a few studies 
have been based on the UX perspective or proposed 
operable UX evaluation methods.  
3. Definition of key elements of reviews 
The purpose of this research is to propose a quan-
titative evaluation method for UX quality of existing 
products based on a massive amount of online prod-
uct reviews to help designers improve the design of 
new products. The data source is Chinese reviews on 
Chinese e-commerce platforms. For the sake of un-
derstanding, the sentences and words of Chinese re-
views in this paper are translated into English without 
affecting the accuracy of the described research pro-
cess.  
To explore what are key elements of the reviews 
can be used for our evaluation, a pilot study was per-
formed. We randomly extracted 100 reviews from 
three notable Chinese e-commerce platforms 
(JD.com, Taobao.com, and Suning.com) for three 
different products (vacuum cleaner, mobile phone, 
and shoe cabinet), with a total of 300 reviews. We fi-
nally obtained 1023 review sentences after sentence 
segmentation. We labelled the words and phrases that 
represent the key elements from each review.  
Four key terms related to evaluation emerged, 
which are called product feature term, UX aspect 
term, attitude term, and degree term. These terms are 
generally in line with the elements embedded in ex-
isting UX questionnaires in terms of product features, 
 
 
UX aspects, and user scores. The product features are 
the elements of the product itself, including compo-
nents, functions, and attributes (appearance, size, and 
material). The user scores represent the user’s affec-
tive response to the products, which can be expressed 
by attitude terms and degree terms.  
The annotation results of the two review sentences 
are shown in Figure 1 as examples. We can see that 
the affective response is reflected by both the attitude 
term and the degree term. The attitude term represents 
the polarity of the affective response, and can be di-
vided into positive, neutral or negative. The degree 
term represents the intensity of the affective response. 
As shown in Figure 1, the affective responses of re-
view sentences are “very fast” and “very efficient”. 
Although “fast” and “efficient” have different mean-
ings, according to the meanings of the sentences, they 
represent the same affective response. In addition, we 
find while that many review sentences do not explic-
itly contain UX aspect terms, the attitude terms imply 
UX aspects. As shown in Figure 1, the two review 
sentences express the same meaning. Review sen-
tence 1 indicates that the UX aspect is “speed”, which 
can be equally considered as “efficiency”. Review 
sentence 2 does not directly indicate the UX aspect, 
but the attitude term “efficient” implies that the UX 
aspect being evaluated is “efficiency”.  
According to statistics, 86% of review sentences 
contain at least two key elements. For 74% of the re-
view sentences, the key elements in the review can be 
transformed into the elements of the evaluation sys-
tem through element mapping. This proves that it is 
possible to extract four elements from reviews to 
evaluate product UX. Therefore, we construct the UX 
evaluation method based on the key elements of re-
views. Details of the proposed evaluation method are 
presented in the next section. 
4. Product UX evaluation method based on 
online product reviews 
Figure 2 illustrates the framework of the proposed 
UX evaluation method based on online product re-
views. It includes three parts, Part 1 is extraction of 
key elements in the review text, Part 2 is integration 
of key elements, and Part 3 is quantitative evaluation.  
4.1. Extraction of key elements 
In Part 1, we propose a key elements extraction 
method, consisting of six steps: 
(1) Review collection. Collect review data from e-
commerce platforms. 
(2) Review pre-processing. NLP tools are used to 
pre-process the review data. Pre-processing includes 
filtering out fake information, sentence segmentation, 
Chinese word segmentation, part of speech (POS) 
tagging, and semantic dependency parsing (SDP). 
(3) Attitude term extraction. We extract the words 
that describe the user’s attitude in the reviews. We 
construct a sentiment lexicon to extract attitude terms 
and determine the attitude polarities of the reviews. 
(4) Degree term extraction. The degree terms in the 
reviews are extracted by using the available degree 
word lexicon [32].  
(5) Product feature term extraction. Critical prod-
uct feature terms are extracted based on the POS and 
word frequency of the candidate words. 
(6) UX aspect term extraction. UX aspect terms are 
extracted by analyzing the semantic dependencies be-
tween candidate words and product feature terms and 
attitude terms. 
Steps (1), (2), and (4) are relatively common and 
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4.1.1. Attitude term extraction  
Since attitude term extraction is a kind of senti-
ment analysis, we utilize sentiment lexicon, a com-
mon sentiment analysis method, to extract and ana-
lyze customer attitude. Although some general senti-
ment lexicons are available, their accuracy is rela-
tively low because the polarity of sentiment words 
may vary in different domains. Therefore, we con-
struct a domain-specific sentiment lexicon to extract 
the sentiment words in the reviews and determine 
their polarity.  
A seed sentiment lexicon is first constructed and 
then expanded by adding synonyms to form the sen-
timent lexicon. Previous work suggests that the words 
expressing attitude are mainly adjectives [37]. There-
fore, k adjectives with the highest term frequency are 
extracted directly from the review corpus as seed sen-
timent words. According to the type of product, seed 
words are manually divided into positive, neutral or 
negative sets. Then, using synonym lexicon and an-
tonym lexicon, synonyms and antonyms of seed 
words are added to the corresponding word sets to 
form the final sentiment lexicon.  
 
 
The attitude terms are extracted by checking 
whether the words in the review sentence are con-
tained in the sentiment lexicon. Then, the negative 
words set is used to check whether there are negative 
words around the attitude words. Finally, the attitude 
of the user is determined according to the polarity of 
the attitude word and whether the negative word ex-
ists. Since the user’s attitude is the user evaluation 
opinion on the product UX, if a review sentence does 
not contain attitude terms, we assume the review sen-
tence is useless and exclude it.  
4.1.2. Product feature term extraction 
Different product features have different influ-
ences on UX. It is efficient and reasonable for enter-
prises to improve the quality of product UX by im-
proving the critical features of a product rather than 
all of them. Therefore, we only extract critical prod-
uct features and ignore non-critical features.  
We assume that product features that appear fre-
quently in the reviews are critical features, and there-
fore we construct the product feature set based on the 
term frequency in reviews. A previous study shows 
that product features are generally nouns and noun 
phrases [38]. Thus, all nouns and noun phrases in the 
reviews are extracted as candidate words. There are 
many non-product feature nouns that appear fre-
quently in reviews, such as brand nouns, personal 
nouns, proper nouns, and so on. Based on experience, 
a removing word set is constructed to filter the candi-
date words. After that, a threshold is set to remove 
words with low frequency. The words whose term 
frequency is higher than the threshold are the critical 
product feature words. Many product features have 
multiple expressions, and thus synonyms are added to 
the word set; this ensures that some uncommon ex-
pressions of critical product features can also be ex-
tracted. Thus, the final product feature word set is 
constructed. 
While this method is unable to extract the product 
feature terms with low term frequency, our purpose is 
not to exhaust all the product features but to extract 
the key ones, thus it has little or no impact on the UX 
evaluation results.   
4.1.3. UX aspect term extraction 
The UX aspect terms appear relatively infre-
quently in reviews, and therefore cannot be extracted 
based on term frequency. From the pilot study, we 
find that UX aspect terms have close semantic rela-
tionships with product feature terms and attitude 
terms, and hence we construct the extraction method 
based on the semantic relationship between terms.  
SDP is a technique used to analyze the semantic 
relations among the language units of a sentence [39]. 
SDP describes a word through a semantic framework 
and is not affected by syntactic structure. To explore 
significant semantic relationships between different 
terms, we used LTP, an NLP tool, to perform SDP for 
the reviews in the corpus of the pilot study. LTP (Lan-
guage Technology Platform) is a set of efficient and 
high-precision Chinese natural language processing 
platform developed by HIT Social Computing and In-
formation Retrieval Research Center (HIT-SCIR). It 
has become the most influential Chinese processing 
platform. Taking two typical review sentences as an 
example, the SDP results show the most significant 
semantic relationships of UX aspect terms, as shown 
in Figure 3. From the SDP results, we find significant 
semantic dependencies between UX aspect terms and 
product feature terms and attitude terms. The most 
significant semantic relationship between UX aspect 
terms and product feature terms is “Feature”, tagged 
“FEAT”, in which UX aspect terms are semantically 
dependent on product feature terms. In the corpus, 
this type of relationship accounts for 82% of the se-
mantic relationships between the two kinds of terms. 
There are two significant semantic relationships be-
tween UX aspect terms and attitude terms. One is 
“Experiencer”, tagged “EXP”, in which attitude 
terms are semantically dependent on UX aspect terms. 
The other is “Feature”, tagged “FEAT”, in which UX
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Fig. 3. Examples of SDP results of UX aspect terms.  
 
 
aspect terms are semantically dependent on attitude 
terms. These two relationships account for 67% and 
25% of the semantic relationships of the two kinds of 
terms, respectively. Therefore, we assume that a word 
is a UX aspect term if the above semantic dependency 
relations account for a high proportion of all its se-
mantic relationships. Furthermore, UX aspect terms 
are extracted based on the semantic dependency of 
candidate words. 
The words representing UX aspects are nouns. Ex-
clude the product feature terms and removing words 
defined in Section 4.1.2, and the remaining nouns are 
selected as the candidates for UX aspect terms. List 
all semantic dependencies and related words of a can-
didate word s. Calculate the number of occurrences 
of words in the reviews that have FEAT relationship 
with s and belong to the product feature term set F: 
𝑛(𝐹𝐸𝐴𝑇(𝑠, 𝐹)) . 𝑛(𝐸𝑋𝑃(𝐴, 𝑠))  and 𝑛(𝐹𝐸𝐴𝑇(𝑠, 𝐴)) 
are calculated in a similar way. According to the 
method proposed in [36], we propose an index to 
judge whether a candidate word is a UX aspect term. 
The principle of index calculation is based on the 
probability that the candidate word has characteristic 
semantic relations with product feature terms and at-
titude words. The index of the semantic relationship 
between candidate word s and product feature terms 











  (1) 
where 𝑛(𝑠) is the number of candidate words s that 
appear in the corpus.  
Then, whether the candidate word s is a UX aspect 
term is determined by 
  𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦(𝑠) =
{
𝑈𝑋 𝑎𝑠𝑝𝑒𝑐𝑡 𝑡𝑒𝑟𝑚     𝑖𝑓 𝑖𝑛𝑑𝑒𝑥(𝑠) ≥ 𝛽
𝑢𝑛𝑟𝑒𝑎𝑙𝑡𝑒𝑑 𝑤𝑜𝑟𝑑         𝑖𝑓 𝑖𝑛𝑑𝑒𝑥(𝑠) < 𝛽
} (2) 
where 𝛽 is a threshold. 
The extraction result can be changed by adjusting 
the threshold. When 𝛽 is large, the precision is high, 
but the recall is low. On the contrary, when 𝛽 is low, 
the precision is low, but the recall is high. 
4.2. Integration of product features and UX aspects   
A pair of a product feature and a UX aspect consti-
tute an evaluation item. Thus, it is necessary to inte-
grate these two kinds of terms to form a standardized 
evaluation index system.  
Since a product feature can be represented by mul-
tiple terms, it is necessary to integrate the different 
terms that represent the same product feature into the 
most common terms. Since a consumer product usu-
ally does not contain too many product features, and 
 
 
the extraction method of product feature terms filters 
out many low-frequency terms, it is possible to man-
ually integrate product feature terms without too 
much workload.  
There are two term sets containing information 
about UX aspects. One is the UX aspects explicitly 
defined in the UX aspect term set, and the other is the 
UX aspects that are implicit in the attitude term set. 
The UX aspects implicitly expressed in the attitude 
terms need to be converted into UX aspect terms, and 
then the two types of UX aspect terms should be in-
tegrated into a standardized UX aspect set. 
Due to the quantity and complexity of the attitude 
terms, they are first clustered according to semantic 
similarity. We calculate the semantic similarity be-
tween terms based on Hownet (http://www.keen-
age.com/). Hownet is a knowledge base used to de-
scribe the concepts represented by Chinese and Eng-
lish words and their relationships. Details of the se-
mantic similarity algorithm for terms can be found in 
[40]. In the sentiment lexicon, each word in the posi-
tive (negative) set has an antonym in the negative 
(positive) set, and a pair of antonyms represents op-
posite opinions on the same UX aspect. Therefore, to 
obtain the UX aspects implicitly expressed in attitude 
terms, it is enough to only cluster the words that are 
in the positive set. After we calculate the semantic 
similarity between each word in the positive set, the 
spectral clustering algorithm [41] is used to cluster 
the terms. After clustering the words in the positive 
set, the cluster name is manually defined by suitable 
UX aspect terms according to the semantics of the 
words contained in each cluster and the UX aspects 
defined by the existing research. The cluster names 
are the original UX aspects. All terms unrelated to 
any UX aspect are treated as a cluster, and the cluster 
name is defined as “Undefinable aspect”; this is 
treated as a special UX aspect.  
Then, combine UX aspect terms extracted from re-
views with the original UX aspects. The semantic 
similarity between each extracted UX aspect term 
and initial UX aspect is calculated, and the threshold 
T is set. If the semantic similarity between a term and 
an original UX aspect is the largest, and the semantic 
similarity is greater than T, the term is classified as 
the UX aspect. If the semantic similarity between a 
term and all original UX aspects is less than T, the 
term is added as a new UX aspect. In this way, the 
final UX aspects are obtained, which can greatly rep-
resent the UX aspect terms extracted from the re-
views and the UX aspects involved in the attitude 
terms. 
4.3. Quantitative evaluation of product UX based on 
rough number 
Through the extraction and integration of the key 
elements of the review, each online product review 
sentence is converted into a quadruple. On this basis, 
the quantitative evaluation method for evaluating an 
item is proposed. First, assign values to attitude terms 
and degree terms, and obtain a single score for the 
affective response of each review data. Second, by 
comprehensively considering both the user affective 
response and user attention, the performance of each 
product feature in each UX aspect is quantitatively 
evaluated based on rough number. Finally, product 
improvement strategies are put forward based on the 
evaluation results.   
4.3.1. Affective response score of each review 
sentence 
To quantitatively measure the customers’ affective 
response, we assign points to attitude terms and de-
gree terms. A 7-point SD scale is used to measure the 
affective response. The degree terms are divided into 
three levels according to their intensity, i.e., ex-
tremely high, slightly high, and general, and are given 
scores of 3, 2, and 1, respectively. For the attitude 
terms, positive, neutral, and negative terms are given 
scores of -1, 0, and 1, respectively. Assume that for a 
review sentence R, the score of the degree term is Dr, 
and the score of the attitude term is Ar. Then, the score 
of the affective response can be calculated as 
 𝑆𝑟 = 𝐷𝑟 × 𝐴𝑟 (3) 
Thus, the affective response of each review sen-
tence can be measured by an integer score of -3 to 3. 
A score of -3 means that the UX is extremely bad 
while a score of 3 means that the UX is extremely 
good. 
4.3.2. Quantitative evaluation based on rough 
number 
Based on the above steps, the affective response of 
each review sentence, that is, the customers’ affective 
response to the UX aspects of the product features in 
each review sentence, can be measured by a single 
score. However, the users’ affective response is fuzzy 
and uncertain, which is difficult to be reflected by a 
single score. Therefore, rough number [42] is used to 
express the single score in the form of interval num-
 
 
ber to reduce the influence of the fuzziness and un-
certainty of the affective response on the evaluation 
results.  
Assume that there are n product features (Fi, 
i=1,2,⋯,n) and a total of m UX aspects (Aj, j= 1,2,
,m). Then, consider a pair of Fi and Aj as an evalu-
ation item 𝐼𝑖𝑗, and assume that the amount of relevant 
review data is l. If l =0, the corresponding score is 
expressed as rough number 𝑆𝑖𝑗= [0,0]. If l≠0, for a 
review score 𝑥𝑖𝑗ℎ  ( 𝑥𝑖𝑗ℎ ∈ {-3,-2,-1,0,1,2,3}, h=1,2,
,l), calculate the lower approximation 𝐴𝑝𝑟(𝑥𝑖𝑗ℎ) 
and the upper approximation 𝐴𝑝𝑟(𝑥𝑖𝑗ℎ), and then cal-
culate the lower limit lim(𝑥𝑖𝑗ℎ) and the upper limit 
lim(𝑥𝑖𝑗ℎ). The single score 𝑥𝑖𝑗ℎ can be expressed as 
rough number [lim(𝑥𝑖𝑗ℎ), lim(𝑥𝑖𝑗ℎ)]. Details of the 
computational formulas can be found in [42].  
Thus, the total score for 𝐼𝑖𝑗  can be calculated based 
on the rough number of each single score. According 






ℎ=1  (4) 
The upper limit is 





ℎ=1  (5) 
The total score can be expressed by rough number 
as 
 𝑆𝑖𝑗 = [lim(𝑥𝑖𝑗), lim(𝑥𝑖𝑗)] (6) 





For 𝐼𝑖𝑗 , 𝑀(𝑆𝑖𝑗) is the final score of the affective re-
sponse.  
It is obvious that different product features and UX 
aspects have different impacts on UX. However, this 
phenomenon is ignored by most existing UX evalua-
tion methods, which treat all product features and UX 
aspects as equal. We assume that an evaluation item 
has higher user attention and thus greater impact on 
UX if it has a larger number of related reviews. To 
evaluate the quality of a UX aspect of a product fea-
ture, we should not only consider the affective re-
sponse, but also consider the user attention. Therefore, 
the relative number of reviews is taken as the influ-
encing factor of each affective response score. The 





where 𝑁𝑚𝑎𝑥  is the number of reviews obtained by the 
product feature that receives most review sentences. 
𝑁(𝐼𝑖𝑗) is the amount of review data related to 𝐼𝑖𝑗 .  
Thus, the comprehensive score of 𝐼𝑖𝑗  is calculated 
as 
 𝐶𝑆(𝐼𝑖𝑗) = 𝑤(𝑆𝑖𝑗) × 𝑀(𝑆𝑖𝑗) (9) 
The comprehensive score of product feature Fi is 
calculated as 
 𝐶𝑆(𝐹𝑖) = ∑ 𝐶𝑆(𝐼𝑖𝑗)
𝑚
𝑗=1  (10) 
4.3.3. Developing product improvement strategies  
The product features are ranked based on the com-
prehensive score. The high-ranked product features 
have good UX quality, and the design of these prod-
uct features should be maintained in new products. 
The low-ranked product features have poor UX qual-
ity, and the score of each aspect should be analyzed 
in detail to indicate the specific problems of the prod-
uct features. In the new products, design improve-
ments should be made to address the issues corre-
sponding to the specific UX aspect. Furthermore, the 
rough number [lim(𝑥𝑖𝑗), lim(𝑥𝑖𝑗)] of each evaluation 
item also needs to be analyzed. If lim(𝑥𝑖𝑗) < 0 and 
lim(𝑥𝑖𝑗ℎ) > 0, it means that customers have different 
opinions on the evaluation item, thus various design 
schemes should be considered in new product devel-
opment to meet the diversified needs of users. 
5. Case study 
In this section, a case study was implemented to 
illustrate the proposed approach. Household appli-
ances are common consumer products, and thus cus-
tomers are familiar with the product features so that 
they can provide valuable reviews. Therefore, we 
chose a wireless vacuum cleaner (Puppy T10 young) 
as the target product. We chose JD.com, one of the 
largest e-commerce platforms in China, as the source 
of reviews. JD.com claims that only consumers who 
have purchased products can post reviews, which 
guarantees the authenticity of the reviews. 
 
 
5.1. Extracting critical elements 
A total of 817 reviews were collected through a 
web crawler. Then the review data was pre-processed. 
In this case study, we used LTP for sentence segmen-
tation, word segmentation, POS tagging, and SDP. 
We filtered out review sentences that had too few 
Chinese characters (less than five characters), and fi-
nally obtained 3277 review sentences.  
Then, we extracted the key elements in the reviews 
are extracted. For attitude terms, adjectives with a fre-
quency greater than five were used as seed words to 
construct the sentiment lexicon. For product feature 
terms, 1% of the frequency of the highest frequency 
product feature term was used as the threshold to fil-
ter out the low-frequency term. For UX aspect terms, 
the threshold β=0.4 was set to maximize the F score. 
Finally, a total of 378 attitude terms, 58 degree terms, 
102 product features terms, and 21 UX aspect terms 
were extracted. The review sentences without attitude 
terms were discarded, leaving 2,765 review sentences.  
Two PhD students in industrial design manually 
annotated the key elements in the reviews. The anno-
tation scheme is introduced in Section 3. Each review 
sentence was annotated separately by the two annota-
tors. Conflicts of review annotation were resolved 
through discussion. The result of manual annotation 
served as the baseline for element extraction. Three 
widely utilized classification evaluation metrics were 
employed to evaluate the extraction performance of 
the method, including recall, precision, and F score. 
The results are shown in Table 1.  
As seen from Table 1, the proposed element ex-
traction method achieves acceptable results. In terms 
of the extraction of attitude terms and degree terms, a 
relatively higher performance is achieved. For prod-
uct feature terms, the recall rate is relatively low. This 
is mainly because the product feature terms with low 
term frequency are not extracted. The results show 
that the product feature term with the highest term 
frequency is “dust removal” and the term frequency 
is 604. Product feature terms whose term frequency 
 
 
Table 1  
 Results of element extraction 
 Recall Precision F score 
Attitude terms  0.837 0.896 0.865 
Degree terms 0.962 0.942 0.952 
Product feature terms 0.730 0.922 0.815 
UX aspect terms 0.685 0.742 0.712 
 
is higher than 1% of the maximum term frequency, 
i.e., the term frequency is higher than 6, are extracted. 
Therefore, the low recall for product feature terms has 
little negative impact on the final evaluation results. 
For UX aspect terms, the performance of the ex-
traction method is relatively poor. It is found from the 
extraction results that many unrelated words have the 
semantic dependency adopted by the extraction 
method. For instance, some review sentences said 
that “the surface of product feature term is attitude 
term”. The word “surface” has a FEAT relationship 
with a product feature term and an EXP relationship 
with an attitude term and was not filtered out by re-
moving words. The index of “surface” was then cal-
culated as 0.53, and thus was extracted as a UX aspect 
term. This leads to low precision. Meanwhile, there 
are some unusual semantic dependencies of UX as-
pect terms in sentences, especially those with gram-
matical problems. For instance, a review sentence 
said that “the dust removal function is satisfactory, 
especially the efficiency”. The UX aspect term “effi-
ciency” has no semantic dependency with the product 
feature term and the attitude term. This makes it pos-
sible that some low-frequency terms cannot be ex-
tracted, which decreases recall. This problem leaves 
some space for developing more sophisticated algo-




Table 2  
UX aspects, corresponding attitude terms and UX aspect terms 










































































Table 3  
Scores of degree terms 
Level Score Degree terms 




2 Slightly, more or less, nearly, little, a 
bit, in some degree 




Table 4  
Scores of attitude terms 
Sentiment 
polarity 
Score Attitude terms 
Positive 1 Good, excellent, superior, ad-
vanced, attractive, safe, clean 
Neutral 0 Common, ordinary, mediocre, mod-
erate, conventional 
Negative -1 Bad, terrible, inferior, backward, 
boring, tiresome, mediocre 
 
Table 5  
Rough numbers of evaluation items 
 Dust removal Cleaning head Handle Shape Dust bag 
Efficiency [1.52, 2.58] [1.22, 2.36] [1.00, 1.00] [0, 0] [0.94, 2.11] 
Hygiene [0.97, 2.12] [1.06, 2.23] [-0.90, -0.54] [1.04, 2.33] [-1.23, -0.72] 
Dependability [1.05, 2.50] [1.44, 2.71] [-2.48, -1.42] [3.00, 3.00] [0.94, 2.11] 
Learnability [2.15, 2.78] [1.72, 2.15] [0.92, 2.16] [0.86, 2.02] [1.94, 2.32] 
Comfortability [1.01, 2.03] [-0.78, 1.36] [-2.70, -1.68] [1.79, 2.52] [-0.61, 1.11] 
Attractiveness [0, 0] [-1.75, -1.25] [0, 0] [2.34, 2.69] [0, 0] 
Undefinable aspect [1.14, 1.98] [1.64, 2.33] [-2.11, -0.64] [1.66, 2.02] [-0.45, 1.04] 
 
Table 6  
Five product features with the worst UX quality and their comprehensive scores 
 Handle Battery Noise Wheel Weight 
Efficiency 0.005 -1.960 0.000 -0.457 -0.219 
Hygiene -0.070 -0.018 0.000 -0.100 0.000 
Dependability -1.03 -0.660 -0.090 -0.360 0.025 
Learnability 0.118 0.055 0.000 0.044 0.000 
Comfortability -1.58 -0.157 -0.240 0.183 -0.460 
Attractiveness 0.000 0.000 0.000 0.748 0.000 
Undefinable aspect -0.346 -0.155 -0.698 -0.961 -0.233 
Comprehensive 
score 
-2.903 -2.895 -1.368 -0.903 -0.887 
5.2. Integration of product features and UX aspects 
The product feature terms were integrated. Syno-
nyms in product feature term set were merged firstly. 
Then, according to the semantics of product feature 
terms and the design knowledge of vacuum cleaner, 
the terms were further combined manually. Finally, 
42 product features are obtained, including 21 com-
ponents, 13 functions and 8 attributes.  
Then, the UX aspect terms were integrated. The 
similarity between attitude words in the positive set 
was calculated firstly. Seven clusters were obtained 
by spectral clustering, and the cluster names were de-
fined as original UX aspects. Attitude terms in the 
negative set were mapped to the corresponding UX 
aspect according to their antonyms in the positive set. 
Then, the original UX aspects and UX aspect terms 
were combined based on semantic similarity. All UX 
aspect terms were categorized into the original UX 
aspects, resulting in seven UX aspects. Table 2 pre-
sents the UX aspects along with some of their corre-
sponding attitude terms and UX aspect terms.  
5.3. UX quantitative evaluation 
Scores were assigned to degree terms and attitude 
terms, and the comprehensive score of each review 
sentence was calculated. The scores of some terms 
are shown in Tables 3 and 4. 
The rough number of each evaluation item was cal-
culated according to the steps defined in Section 4.3.2. 
Take “hygiene” (UX aspect) of the “cleaning head” 
(product feature) as an example. There were six re-
view sentences related to this evaluation item, and 
their scores were 2, 2, 3, 1, 2, and 0. Then the rough 
numbers of these scores were [1.4, 2.24], [1.4, 2.24], 
 
 
[1.67, 3], [0.5, 2], [1.4, 2.24], and [0, 1.67], respec-
tively. Thus, the rough number of this evaluation item 
was [1.06, 2.23]. The mean value of the rough num-
ber was 1.645. Finally, the rough numbers of all eval-
uation items were calculated, as shown in Table 5. 
Limited by the length of the paper, only the rough 
numbers of 10 product features with the largest 
amount of relevant review data are listed. 
The number of reviews related to each item can 
also be counted. According to the statistical results, 
the item with the largest number of review sentences 
was “efficiency” of “dust removal”, with a data vol-
ume of 195. Then, the influencing factor of each eval-
uation item was calculated based on the number of 
review sentences. After the comprehensive scores of 
each item and each product feature were obtained ac-
cording to the method in Section 4.2.3, the product 
features were ranked according to their comprehen-
sive scores. Five product features with the worst UX 
quality are listed in Table 6. As seen from Table 6, 
handle, battery, etc. are the product features with the 
worst UX quality. 
We can then analyze the product features with poor 
UX quality in detail. Taking the wheel as an example, 
according to the comprehensive score of each UX as-
pect, its efficiency, dependability, and hygiene are 
relatively poor. In the development of new products, 
design methods such as quality function deployment 
(QFD), should be implemented to improve the design 
of the wheel in these aspects. The rough number of 
the hygiene of wheel is [-2.12, 0.26], where -2.12 < 0 
and 0.26 > 0. This indicates that customers have dif-
ferent opinions on the hygiene of the wheel, and thus 
multiple design schemes should be considered in new 
product development to meet the needs of different 
customers. After a comprehensive analysis of the 
evaluation results, a detailed list of product features 
to be improved in new product development and spe-
cific improvement directions are provided in terms of 
UX aspects, as shown in Table 7. In addition, the 
comprehensive scores of product features and evalu-
ation items define the priority of improvement, which 
can solve conflicts during new product development.  
6. Discussion 
In this paper, a user experience evaluation method 
based on online product reviews is proposed. Our 
work contributes to both theory and practice. For the-
ory, we regard large-scale online product reviews as 
the information source of UX evaluation and put for-
ward a systematic UX evaluation method. The pro-
posed method is a data-driven evaluation method. It 
does not simply rely on big data, but combines big 
data with traditional methods. In the process of 
method construction, we combine traditional meth-
ods with big data through two aspects of efforts. On 
the one hand, we use the classic questionnaire method 
to guide the construction of the new method’s frame-
work and the definition of key elements in reviews. 
On the other hand, according to this framework and 
the definition of key elements, we adopted the appro-
priate NLP technology to transform unstructured re-
view data into structured data and integrate the data 
into the evaluation process. We argue that integrating 
big data into traditional evaluation methods can pro-
vide effective guidance for big data analysis and ob-
tain more reliable insights. This approach can be ap-
plied to product design evaluation and further re-
search in the field. 
Table 7 
List of product features to be improved 
Sequence 
Number 
Product feature Comprehensive 
score 
UX aspect Comprehensive 
score of UX aspect 
Remark 
1 Handle -2.903 Comfortability -1.58  
Dependability -1.03  
Hygiene -0.070  
2 Battery -2.895 Efficiency -1.960  
Dependability -0.660  
Comfortability -0.157  
Hygiene -0.018  
3 Noise -1.368 Comfortability -0.240  
Dependability -0.090  
4 Wheel -0.903 Efficiency -0.457  
Dependability -0.360  
Hygiene -0.100 Disagreement 
… … … … … … 
 
 
By combining traditional UX evaluation methods 
and big data analysis, the proposed method can ben-
efit from the advantages of both. By taking the online 
product review data as the data source, the proposed 
method obtains a more realistic and objective voice 
of users than traditional UX evaluation methods.  
This also enables us to obtain richer information. For 
example, the proposed method measures the impact 
of different product features and UX aspects on UX 
based on the number of reviews, which is ignored by 
the traditional questionnaire method.  
Compared with the existing research on product 
design improvement based on review mining, the 
proposed method has also made some progress. Ex-
isting research usually analyze only the positive or 
negative opinions of users about a product feature [32, 
33], but since a product feature has many attributes, 
such a general opinion is of little value to guiding 
product design improvement. Benefiting from the 
guidance of UX theory and UX classical evaluation 
methods, the proposed method introduces UX aspect 
into the analysis of review data. The results of the UX 
aspect evaluation can provide a more detailed direc-
tion for improving product features.  
For practice, the proposed method can inspire en-
terprises in the development of new products for en-
terprises. The product features to be improved, as 
well as the direction and priority of future improve-
ments, can be obtained from the evaluation results. 
For new products development, the evaluation results 
can be used for QFD to generate design schemes. In 
addition, companies can easily obtain online reviews 
of competing products, so that they can use this 
method to evaluate them and gain advantages in the 
highly competitive market.  
The proposed method can overcome the disad-
vantages of the questionnaire survey method, such as 
labor-intensive, time-consuming, and low- reliability. 
However, it also has some disadvantages such as pro-
cessing workload and a long delay after product 
launch. Therefore, these two methods are comple-
mentary and can be combined to support new product 
development in practice.  
There are some limitations in our research. First, in 
the integration of product features, the relationship 
between product features is not considered. For com-
plex products, there are many relationships between 
product features, such as the superior-subordinate re-
lationship between components, and the relationship 
between product components and product functions. 
By introducing domain ontology, it is possible to 
clearly describe the relationship between product fea-
tures and then obtain more accurate evaluation results. 
Second, there is still room for improvement in the al-
gorithm for review elements extraction. Applying 
machine learning algorithms such as CRF and SVM 
may improve the extraction performance. 
7. Conclusion 
The UX evaluation of existing products is signifi-
cant for new product development. High-level big 
data analysis is considered to be an important condi-
tion for enterprises to realize product success [43], 
and our research is an attempt to adopt big data anal-
ysis in UX evaluation research. Based on online prod-
uct reviews, this paper constructs a quantitative eval-
uation method for product UX. On the basis of defin-
ing the key elements of reviews, the product UX eval-
uation is completed through key element extraction, 
key element integration and quantitative evaluation. 
The utility of the method is verified by a case study 
of a vacuum cleaner evaluation.  
The novelty of this paper is twofold. First, we com-
bine online product reviews with UX evaluation and 
put forward a quantitative UX evaluation method 
based on online product reviews. This method takes 
advantage of both traditional questionnaires and 
large-scale online product reviews. Second, based on 
the number of reviews and rough number, a quantita-
tive evaluation method was developed to determine 
the product features and UX aspects that need to be 
improved. Using rough number can effectively re-
duce the influence of fuzziness and uncertainty of re-
views on evaluation results. This quantitative evalua-
tion method is generally not available in the existing 
research on online product reviews. Compared with 
the existing analysis methods, such a quantitative 
analysis can be more effective in assisting product de-
sign. 
Several further works on this topic can be explored. 
First, although our research is based on Chinese re-
views, we believe that the proposed method is a gen-
eral method that can be used for all languages. How-
ever, some steps still inevitably need to be adjusted. 
How to apply this method in various languages is 
worth exploring. Second, we only take the review 
texts as the information source. Other elements in 
online product reviews could also be included, such 
as ratings, tags, emoji, pictures and so on. Introducing 
these elements into the UX evaluation may make the 
evaluation results more accurate and may also bring 
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